Bat Optimized Watershed based Segmentation of Lamina Cribrosa by Mano, Abhisha
   
 
Bat Optimized Watershed based Segmentation of Lamina Cribrosa 
Abhisha Mano, Assistant Professor, ECE department, Rajas International Institute of 
Technology for Women, Nagercoil. 
Abstract: The segmentation of Lamina Cribrosa(LC) is a challenging task to detect the 
glaucomatous damage. In this paper a new method of segmenting the LC using bat optimized 
Watershed segmentation is done. By using wavelet transform LC structures are decomposed. 
Then, the decomposed image is optimized using Bat algorithm and by applying histogram 
equalization the optimized image is normalized. Watershed algorithm is used to segment the 
Lamina Cribrosa from its outer layer. Using some parameters like PSNR, MSE, F-Measure, 
rand index, sensitivity, specificity, SSIM and accuracy, the performance of the proposed 
system is calculated. The results show that the proposed method provides  higher accuracy of 
99.29%. 
Keywords: Lamina Cribrosa, Histogram Equalization, Bat Optimization, Watershed 
Segmentation. 
1.INTRODUCTION 
        The Lamina Cribrosa (LC) is a mesh featured arrangement in the later eye.LC is the 
location from where retinal ganglion cell (RGC), which is the axon from retina to the brain 
with visual data pass through the sclera. It has a structure of mesh shaped beams, having a 
collagen-rich connective tissue [10]. Glaucoma is an eye syndrome, initiated due to intraocular 
pressure which causes injury to optic nerve. This may cause eye blindness and information to 
the brain is also lost. The disease cannot be diagnosed at an early stage, and hence blindness 
occurs easily. Lamina Cribrosa helps to find out the glaucoma stage [3]. Imaging methods like 
Heidelberg retinal tomography and optical coherence tomography (OCT) helps to know the 
tissue structure of LC [7], [8]. This measures the thickness of retinal nerve fiber layer [9],[10] 
and loss that occurs in retinal  epithelial cells [8], [11], [12] and other retinal layers [13], 
[8],[15].  
 
An approach which is used to improve the contrast of the microstructure in micro-
computed tomography imaging. A Frangi’s  filter is used to segment and define the orientation  
of each and every LC tissue, from micro-CT and SHG microscopy. An approach is used for 
the segmentation of the anterior Lamina Cribrosa surface. A Markov random field using shape 
parameters, estimated from a Metropolis-Hastings algorithm is used for segmentation. Using a 
approach, from scanning electron microscopy the fine structure of the Lamina Cribrosa is 
observed. The lamina at sclera  contain larger pores .Since the laminar zones are the sites of 
glaucoma damage. A framework for defining the optic nerve head (ONH) is proposed. Our 
approach deals with tissues of the ONH at low Intraocular Pressure(IOP)[2][3].A method for 
segmenting  the anterior LC in the images through multiphoton microscopy. A 4-D 
collaborative filtering is used to remove the noise. A wavelet multiresolution analysis used to 
enhance the  structures. A morphological area opening is used to remove 3-D regions in the 
binarized images [14] [6][4]. Superpixel segmentation by enhancing the contrast of retinal 
images is presented in paper [15]. A method of segmenting mammogram and DNA fragments 
are shown in paper[16][17]. 
 
Earlier segmentation algorithms have shown good results only for OCT images. A 
novel and efficient method is proposed in this paper for segmenting LC from MPM images. In 
this work multiscale wavelet decomposition with adaptive scale selection is used. This 
algorithm handle segmentation of highly inhomogeneous LC beams. 
  
 
2.PROPOSED METHODOLOGY  
         The input image is taken from the database and given to the noise removal section, 
where the noise is removed using a filter. The flow diagram of this proposed method is 
shown in fig 1. 
 
 
 
 
 
 
 
 
 
                                     Fig. 1 Block diagram of the Proposed System 
 
a) Wavelet Transform:   
         Undecimated wavelet transform is applied on both down sampling and upsampling in 
case of forward wavelet transform and inverse wavelet transform respectively. The IUWT is a 
method to decompose an image into varying scales. Fig 2 and Fig 3 shows the input image and 
the wavelet transformed image respectively. 
 
                                                                   
                   Fig 2 Input image                                                 Fig.3 Wavelet transformed image                                                          
                 
                
b) BAT Algorithm: 
       Bat Algorithm is a metaheuristics method of solving optimization problems. Bat 
Algorithm is based on the activities and behaviour of bats. Each and every bat signifies only 
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one solution search space. There are two real valued n-dimensional vectors. One vector 
represents, position of a bat. The other represents velocity of bats. Generally, position vector 
and velocity vector are initialized in a random manner at the starting of the algorithm. At each 
and every iteration fitness value is calculated for bats. A new velocity vector is calculated. 
Next, position of every bat is updated depending on its velocity vector. This process is repeated 
till convergence is reached. Fig 4 shows the convergence curve of the bat algorithm with 
iteration in the x-axis and average best value in the y-axis having the iteration as 500. Here best 
pixel intensity value is obtained. 
                                         
                                Fig. 4 Convergence curve for Bat Algorithm 
c)Histogram Equalization:  
          Histogram equalization  enhance contrast by adjusting the intensities. This technique 
provides good quality images. After applying histogram equalization, noise hidden in the image 
can be obtained. Here in addition to  this a region is selected and it is cropped. 
                                                                                     
          Fig.5 Histogram equalized image                                            Fig. 6 Cropped image 
                       
                                           
d)Watershed Segmentation: 
In watershed segmentation the edges of the high intensity pixels are first detected by 
using edge detection, then by using the gradient magnitude, the segmentation process is done. 
Watershed Segmentation uses the Gradient Magnitude as the Segmentation Function. Fig 7 
shows the segmented output. 
To mark the boundaries of the segmented image, area localization is done. The red color 
marking in the segmented image shows the lamina cribrosa area of the image. The remaining 
portion shows the hole region in the input image. 
 
 
                    
(a)                                                                                       (b) 
                   Fig.7 Segmented output of the Lamina Cribrosa for a specified region 
 
                     
                                                    Fig 8   ROC plot 
 
Some parameters like PSNR, MSE, F-Measure, rand index, sensitivity, specificity, SSIM and 
accuracy are found.  
                       Table 1. Performance Measures 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Performance 
measures 
 
PSNR 58.65 
MSE 0.08 
F-Measure 1.95 
Rand Index 0.98 
Sensitivity 100 
Specificity 98.59 
SSIM 99.29 
Accuracy 99.291 
The performance of the proposed method is evaluated with graph cut method without 
optimization and ROC is plotted. Fig 8 shows the ROC chart of the proposed method.Table 1 
shows the performance measures which are done in this approach. From this it is understood 
that the proposed method provides an accuracy of 99.29% . 
 
 
3. CONCLUSION 
 
        In this paper, a new approach which is based on the BAT optimized Watershed 
segmentation was done to segment LC. The experimental results prove that the proposed 
method provides an accuracy of 99.29%. 
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